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A B S T R A C T   
The underground burning in the Jharia coal mine (JCM) in India is a highly devastating environmental hazard 
inducing various adverse consequences. In the present study, we carried out time series analyses based on 
Interferometric Synthetic Aperture Radar (InSAR) and land surface temperature (LST) to study the environmental 
risk. First, a permanent scatterer (PS) time series analysis using Sentinel-1 images over three years was performed 
to detect the spatio-temporal distribution of ground deformation. Comparison of ground thermal anomaly clearly 
delineated the subsidence spots associated with the oxygen supply to combustion areas. On the contrary, few 
deformations were mapped showing pronounced uplift up to 10 mm/year compared with the horizontal creeping 
associated with underground fire activities. Such ground deformation and thermal anomaly patterns have never 
been observed. We modeled these observations from satellite data as a consequence of a strong pressurized 
source that induces surface migration in the coal mine and surrounding geological formations. Further, detailed 
investigations and modeling are required to mitigate the impact of hazards associated with the underground fires 
at different locations in the JCM.   
1. Introduction 
The destruction of the environment by a wide range of anthropo-
genic activities has become a common feature of socio-economic 
development. In particular, the strong desire to secure energy sources 
often leads to devastating environmental disasters in which residents 
suffer uncontrollable and unpredictable damages. 
As part of an environmental catastrophe related to energy resources, 
the subject of this study is underground fires in coal mines. Automatic 
ignition of underground carbonate fuel reserves often occurs in large 
coal deposits due to natural ignition, such as lightening and wildfires, 
and can lead to large-scale underground fires. However, at present, 
several underground coal fires are triggered by anthropogenic factors, 
primarily unsupervised mining. These have become more destructive 
due to the surface fissure by mining activities, which serve as oxygen 
inlets and outlet ventilation paths (Kuenzer and Stracher, 2012). 
The Jharia coal mine (JCM) is one of the most disaster-prone regions 
in India. Numerous accidents have occurred in the past that have 
impacted environment and loss of lives. JCM is considered as one of the 
important India’s coal production mining areas, for producing high 
grade coking coal regions. However, JCM is well known for under-
ground coal fires that have caused changes in topographic features and 
surface deformation, which are direct indicators of ongoing under-
ground combustion. Many attempts have been made to utilize a variety 
of geophysical tools such as electrical resistivity (Bharti et al., 2016), 
numerical modeling (Singh and Yadav, 1995) and magnetic methods 
(Pal et al., 2016) to provide subsurface information and the areal extent 
of the burning coal. However, a complete reconstruction of the burning 
portion in sufficient spatio-temporal domains is not available from the 
in-situ observations. Thus, the remote sensing observations are consid-
ered as an appropriate approach for mapping of the burning coal mine 
areas. 
In particular, InSAR techniques have been used to investigate the 
effects of surface deformation, hence are identified as a powerful tool to 
identify potential hazards and evaluate the associated damages. The 
InSAR signals integrated with Land Surface Temperature (LST) and 
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other spaceborne data were also employed in a few coal mine fire cases 
as shown in Srivastava et al. (2017), Wang et al. (2019a) and Riyas et al. 
(2021). 
In this study, we analyzed InSAR data for the periods 2017–2020 and 
combined the results with the thermal anomaly by the means of 
geophysical model and correlation analyses to track underground coal 
mine fire in the JCM. The final results obtained from the synthesized 
analysis are promising to identify potential risk and develop further 
techniques to mitigate the impact of underground fire. 
2. Study area and data 
The extent of JCM covers 280 km2 of Jharkhand State, the north-
eastern province of India (Fig. 1). The coal fields are mainly distributed 
along the Damodar river valley and pass through multiple local cities 
whose economy mainly depend on the coal industry. Thus, the target 
area has been undergoing rapid industrial-urban development even with 
a significant environmental situation. The indispensable position of JCM 
for such local and national interests became a reason to prevent active 
policies that tackle coal mine disasters including underground fires. 
The JCM underground fire was ignited in 1916 by an unidentified 
factor (BCCL, 2008) and has never extinguished in spite of huge efforts 
by the Indian government and local authorities. Since the first coal fire 
was detected in 1916, collapse due to underground fire has caused 
extensive subsidence and fissures that act as the suppling corridor of 
oxygen to sustain the underground fires. Thus, the JCM coal fires have 
existed for more than 100 years (BCCL, 2008) and numerous studies 
have been carried out to map the underground coal fires using satellite 
data (Martha et al., 2010; Chatterjee et al., 2010; Gangopadhyay et al., 
2012). Recently, InSAR (Chatterjee et al., 2010; Gupta et al., 2014; Riyas 
et al., 2021), GPS and geophysical approaches (Chatterjee et al., 2016; 
Pal et al., 2016; Kumar and Pal, 2020) have been employed. Despite 
these efforts, the comprehensive shape of the underground burning fire 
in JCM still remains unclear. JCM consists of 23 underground and 9 open 
cast mining areas (Prakash et al., 2013). As per the data of the Bharat 
Coking Coal Limited (BCCL) total of 40 million tons of yearly coking coal 
production in JCM’s mining veins, coal fire destroyed 37 million tons of 
coal and made 220 billion tons of coal inaccessible (Michalski, 2004). 
The geological formation, including coal seam which lies on the 
Barakar Formation of Permian age (Verma et al., 1979), shows E–W and 
NW–SE strike dipping towards the center of the coalfield as shown in 
Fig. 1 (Vaish and Pal, 2016). 
To address the issue, images both acquired by remote sensed SAR 
and thermal scanners were applied. Sentinel-1 SAR imagery featuring 
high spatiotemporal coverage over the JCM area was used. A total of 91 
and 88 SAR images acquired respectively in ascending and descending 
modes over two years were introduced for time series analysis. The 
details of the images are listed in Table 1 and Supplementary F.1. 
Regarding the surface temperature observation, we employed Mod-
erate Resolution Imaging Spectroradiometer (MODIS) Land Surface 
Temperature and Emissivity (LST&E) product (MOD 21) and Landsat-8 
Thermal Infrared Sensor (TIRS) (Jimenez-Munoz et al., 2009) data for 
mapping of thermal anomaly. 
3. Methods 
In order to map thermal anomalies and to study spatial distribution 
over the source area, we have used two LST products derived from 
satellite data. The monthly average MODIS LST&E product (MOD 21) 
derived using algorithm developed by Wan and Li (2008) have been 
used. The advantage of MOD 21 monthly products is the completeness of 
data coverage since the cloud gap was interpolated by the cloud free 
LST&E pixels for every month. In comparison to MODIS LST&E (500 m 
spatial resolution resampling/processed from 36 spectral channels with 
250–1000 m resolutions), Landsat-8 TIRS with 100 m spatial resolution 
is optimal to obtain detailed thermal distribution and to identify local-
ized thermal anomaly. For LST retrieval, we masked cloud cover using 
the QA pixel embedded in the level 1 Landsat-8 top of atmosphere (TOA) 
product prior to detailed analysis. The brightness temperature is 
calculated from well-known techniques as described in Jiménez-Muñoz 
et al. (2009) and Wang et al. (2019b). 
The InSAR techniques have been used by many studies in the 
investigation of coal mine subsidence (Ge et al., 2007; Dong et al., 2013; 
Fig. 1. Fig. 1 Location and geological context of the target area. Source: Bharat Coking Coal Limited (BCCL, 2008) report.  
Table 1 
Characteristics of employed Sentinel-1 images.   
Ascending mode Descending mode 
Image number 91 88 
Master image 2018.12.102 2018.09.23 
Time coverage 2017.03.17–2020.03.25 2017.03.1–2020.03.28. 
Heading angle (deg) − 12.356 − 167.622 
Incidence angle (deg) 39.399 37.0026 
Path 85 121 
Frame 73 511 
Acquisition time 12:20 GMT 00:11 GMT 
Polarization VV*+VH  
* VV polarization mode is for actual InSAR processing. Full connection graphs 
for PS analyses can be seen in supplementary F.1. 
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Przyłucka et al., 2015). Theoretically, the InSAR accuracy for measuring 
surface deformation is capable of achieving a few millimeters (Gabriel 
et al., 1989). However, numerous components, such as base DEM error 
(European Space Agency, 2015), unregulated orbital information and 
the change of atmospheric condition, interfere with precise monitoring 
in practical applications. To address such various error components, 
time series analysis adopting multiple interferogram stacks together 
with processing algorithms is able to reduce error terms. According to 
the InSAR pair connection methods, the InSAR time series technique can 
be classified into Permanent Scatterer (PS) (Ferretti et al., 2001) and 
Small Baseline Subsets (SBAS) (Berardino et al., 2002). The temporal 
and spatial baseline conditions between SAR images in this study were 
adequate to adopt ordinary PS algorithms. 
However, there is an issue regarding the temporal difference be-
tween the DEM used for InSAR processing and image acquisition 
because of the constantly changing topography of the target area caused 
by mining activity. We employed three DEMs, including the ALOS 
Panchromatic Remote-sensing Instrument for Stereo Mapping (PRISM) 
DEM extracted from a 2005–2010 stereo mission (Tadono et al., 2014), 
the Copernicus DEM (ESA, 2019) generated by the X-band InSAR 
mission over 2010–2015, and the SRTM DEM produced by the single- 
pass InSAR mission of 2000, to create DEM residuals (as shown in 
Fig. 2). Along with the mining activity in the mid-south area of JCM 
during the period conducted by BCCL (see Fig. 2(b)), constant cavities 
and deposits of up to +/- 30 m are shown by Copernicus and ALOS DEMs 
vs. SRTM DEM residual (Figs. 2(a) and 2(c)). It is noted that such high 
deformation areas up to a few meters per year do not fit well with the 
BCCL thermal anomalies (TAs) (Fig. 2). Considering source data acqui-
sition times for DEMs, the Copernicus-ALOS DEM residual has presented 
surface mining activities since 2010. On the contrary, PRISM-SRTM 
DEM residuals are attributed to the surface mining activities during 
the periods 2000–2010. Our results show that the mining activities 
rapidly moved from southward existing mining places in JCM since mid- 
2000 (Fig. 2(d)). 
Neither SBAS nor PS is an ideal approach to detect such a large scale 
deformation up to meter-scale per year because an area with such a large 
deformation cannot include any object that has consistently strong 
phase coherence. Consequently, PS as well as SBAS time series analyses 
would fail. Thus, our InSAR time series analysis concentrated on the area 
where the deformations are carried out by small surface creep origi-
nating from underground thermal activities. The magnitude would be at 
a rate of a few millimeters per year, which is most acceptable for PS 
analysis. It was known that PS is supposedly the most optimal approach 
to detect such small surface creeping generally observed over some 
artificial structures and rocky surfaces. The area with significant 
deformation associated with the mining activities or surface collapse, 
even with meter-scale were observed and interpreted by DEM residuals. 
Based on the accuracy examination (Grohmann, 2018; Yun et al., 
2019), we adopted ALOS PRISM DEM, a global 30 m resolution DEM 
(Takaku et al., 2018), as the base DEM of InSAR processing. It is 
worthwhile noting that mining activities in JCM changed the terrain 
steadily and extensively, thus expanding the errors of the old base DEM 
such as SRTM DEM. 
The core idea of PS algorithm is to discriminate persistent scatterers 
with constant responses for amplitude dispersion and to address the 
error estimation using iterative non-linear equations. The density of 
extracted observations by PS processing was not optimal over the coal 
mine area in three years of time. Therefore, we made an additional effort 
to solve the trade-off problem between the density and reliability of 
scatterers by checking multiple PS results of the different threshold 
values in amplitude stability index (ASI) as. 




where mA is the mean deviation of amplitude and StdevA is the 
standard deviation of amplitude in time domain. PS points with ASI >
0.75 were selected first and estimated for the deformation model. Based 
on the adjustment model residual, each slave image’s atmospheric phase 
screen (APS) respected to master image was retrieved and then sub-
tracted from each interferogram. After APS is eliminated, lower ASI was 
applied to increase number of PS points and to make a final estimation to 
establish the velocity map. It was noted that high ASI PS point network 
was not feasible over significant topographic changes induced by surface 
mining activities. The minor changes on topography could be 
Fig. 2. Fig. 2 (a) ALOS PRISM vs. SRTM DEM residual, (b) Copernicus vs. ALOS PRISM DEM residual, (c) Copernicus vs. ALOS PRISM DEM residual, (d) Overlaid 
intensive surface mining areas by Copernicus-ALOS DEM and PRISM-SRTM DEM residual. TAs assigned by BCCL were plotted together. 
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Fig. 3. Fig. 3 (a) Samples of MODIS MOD 11 yearly average LST (see supplementary F.2 for the other LST samples.) and (b) the trend of MODIS yearly mean TD, i.e., 
temperature difference between HTI (see red dotted line in a) compared to surrounding background. (c) Some samples of Landsat-8 LST (d) TAs detection (named as 
TA1-TA9) from mean Landsat-8 temperature (TD > 3 degree). (For interpretation of the references to colour in this figure legend, the reader is referred to the web 
version of this article.) 
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compensated by error correction routine of iterative non-linear equa-
tions in PS processing. However, further introduction of distributed 
point (DS) to increase point density is not possible as the algorithmic 
bases of DS lacks of base DEM errors compensation that was a strong 
requirement in our target area, especially around surface mining areas 
presented in Fig. 2. 
The LOS deformations using PS InSAR is related to image acquisition 
conditions such as incidence and azimuth angles. Only once a decom-
position based on the ascending and descending InSAR deformations 
was performed, horizontal and vertical migrations could be derived. 
Then, a quantitative interpretation in terms of thermal response with 
corresponding topography could be implemented correctly to minimize 
the effect of topography. We have considered 88 descending mode 
InSAR observations which were interpolated at the acquisition times of 
the ascending mode InSAR pairs. Mathematically the interpolation 
procedure utilized a least squares quadratic equation fit with a 2nd order 
polynomial function together with a spatial adaptive filter to fill the 
spatial gap (Yun et al., 2019). In order to achieve actual decomposition, 














where dispA is LOS deformation in ascending mode observation, 
dispD is LOS deformation in descending mode, dispH, and dispV are 
horizontal and vertical deformations, θasc and θdesc represent the inci-
dence angles of the ascending and descending mode observations and 
αasc and αdesc are the heading angles of the ascending and descending 
modes. For model inversion of pressurizing source caused by coal fires, 
we used the Geodetic Bayesian Inversion Software (GBIS) tool (Bagnardi 
and Hooper, 2018) which is capable of parameter inversion in defor-
mation source based on Markov-chain Monte Carlo methods and the 
Metropolis-Hastings algorithm. 
4. Results 
4.1. Mapping of land surface temperature 
Fig. 3(a) shows the subset of monthly averaged MODIS MOD 21 over 
the study area. Although no detailed thermal anomalies are observed 
from MODIS MOD 21 products directly, the hot thermal island (HTI, 
outlined by the red dotted polygon in Fig. 3(a)) is extracted from Prin-
cipal Component Analysis (PCA) using MODIS MOD 21 data stack for 18 
years with further processing (Fig. 3(b)). On the contrary, Landsat-8 LST 
(Fig. 3(c)) shows a distribution of thermal anomalies related to under-
ground coal mining burning areas. Upon the carefully established 44 
cloud free Landsat-8 LST time series for the periods 2017–2020, we have 
observed continuous TAs over the JCM as shown in Fig. 3(c) and 3(d). 
The strong thermal anomaly (10 degrees higher than non-coal mine 
area) is closely related to the eastern part of JCM area. For further an-
alyses, we employed the temporal residual between LST of TAs and HTI 
compared to the surrounding non-coal mine area, referred to as “Tem-
perature difference (TD)” which was less dependent on seasonal and 
long-term climatic conditions. Fig. 3(b) shows the trend of TD change 
over HTI for the past two decades. The trend is not clear. However, the 
standard deviation of TD in HTI is found to be increasing. It was noted 
that TAs in Fig. 3(d) were defined as TD > 3 degree areas. Based on that, 
the detailed analysis of TAs is further discussed in view of the surface 
deformations observed from InSAR data. 
4.2. Mapping of land surface deformation 
Fig. 4 shows the Line of Sight (LOS) deformations extracted from 
InSAR PS time series analysis over the JCM area together with their 
uncertainties (Fattahi and Amelung, 2015). The time series of the LOS 
surface deformation map (Fig. 4) shows that the surface deformations 
Fig. 4. Fig. 4 (a) LOS deformation velocity by descending mode PS InSAR time series analysis during April 2017 to March 2020, (b) Uncertainty of deformation 
velocity of descending mode processing, (c) LOS deformation velocity by descending mode PS InSAR time series analysis during April 2017 to March 2020, (d) 
Uncertainty of deformation velocity of ascending mode processing. 
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over the study area can be classed into different sub-regions. In partic-
ular, there was a discrepancy in the JCM HTI and surface deformation in 
ascending and descending modes over the eastern part of the JCM, 
showing strong thermal anomaly. Therefore, the precise patterns in 
horizontal and vertical directions and their correlation with the LST 
distribution should be analyzed accordingly based on the decomposed 
LOS deformations in ascending and descending modes. A migration of 
velocity of a few millimeters per year in the northeastern side of JCM 
centered on Dhanbad city area was noticed, perhaps because of either 
surface creep along E-W directional segmented faults or unresolved 
regional sources. As this is outside of HTI, it is not included as part of our 
interpretation. 
5. Interpretation and discussion 
Since the LOS InSAR observations, given in equation (2) were 
interpolated to be located in the same temporal interval, it is possible to 
solve equation (2) in order to decompose the vertical/horizontal de-
formations (Fig. 5). The deformation patterns show: 1) four obvious 
deformation areas with strong uplift and horizontal creeps (represented 
as Up1-4 in Fig. 5(a)); 2) sporadically populated vertical subsidence as 
stated in the following interpretations; and 3) vertical/horizontal 
migration patterns, perhaps associated with the behaviors of TAs 
(referred to Fig. 7). 
The horizontal deformation extracted by the decomposition consists 
of the N–S and E–W directional deformations. In fact, the N-S component 
has smaller contributions to LOS measurement compared to the E-W 
component, as Sentinel-1 orbit is highly close to polar orbit (Hu et al., 
2014). In other words, as long as N-S migration is not significantly 
greater than E-W, the N-S contribution to LOS is negligible (Fuhrmann 
and Garthwaite 2019). It must be noted that the contribution of E-W 
deformation to LOS observation is 4–5 times bigger than N-S deforma-
tion in the condition of this image acquisition presented in Table 1. 
Thus, the prevalence of N-S migration over major deformations in Up1 
to Up4 is only possible with strike-slip fault geometry closely aligned 
with the N-S direction. Ground survey by BCCL (2008) (see Fig. 1) and 
other precedent studies did not identify any significant N-S directional 
faults and structural lineaments especially over thermal and migration 
anomalies. Thus, the probability of a stronger N-S migration compared 
to an E-W migration is likely far less. Particularly on the eastern 
migration anomaly defined as Up1, the detailed behavior (Fig. 6) shows 
a unique characteristic. Considering the shape of horizontal deformation 
patterns in the Up1 area (Fig. 6(b)) and a combustion mechanism 
inducing such horizontal migrations stated as follows, it is estimated 
Fig. 5. Fig. 5 (a) Average vertical and (b) horizontal velocities by decomposition. Dotted parts are the identified uplift regions and designated Up1-4 for further 
interpretation. 
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that the horizontal migration could be directed in NNW-EES. Given the 
absence of anthropogenic changes in topography, such as debris 
dumping, the plausible exploration is instead the gradual migration of 
topography by a certain strain accumulation. The increasing pressure 
caused by combustion could be the source leading to the potential 
uplifting and NNW-EES directional horizontal creeping. 
The Up3 and 4 show weaker vertical uplift and horizontal migration 
in different ways compared to Up1 (Fig. 7). Perhaps the horizontal 
creeping in Up2 is going through SEE to NNE direction considering the 
location of Up2 and horizontal migrations of InSAR observation (Fig. 6 
(b)). It was noted that the results of the analysis summarized above are 
similar to the outcomes derived by finite element method as shown in 
Paul and Chatterjee (2011), especially in Up1 area. We hypothesized a 
certain connection between the thermal activities within HTI and the 
horizontal/vertical motions in Up1-4 and examined the temporal cor-
relation as shown in Fig. 7. First, the TD and deformations within Up1-4 
(refer to Fig. 7(a)) are not highly correlated even after removal of noisy 
components using average up to 30 days moving window size. Low 
correlation values in time series are not usable (see supplementary T.1). 
Thus, presumably the surface deformation in Up1-4 areas is developed 
by a certain mechanism other than combustion in direct drop 
subsurface. 
The TDs in hotspots 1–9 observed from Fig. 3 appear to be correlated 
with the migration of Up1-4 (see Fig. 7(b) to 7(f)). In particular, the time 
lagged trend between TD and deformation pairs (TA 1 vs. Up1, TA 1 vs. 
Up2, TAs 2,3,4 vs. Up1 and TAs 5,6,7,8,9 vs. Up3,4) is observed. Around 
JCM areas, 77% of total yearly precipitation (1300 mm/year) occurs 
during the monsoon season (June - October) that may significantly affect 
the thermal behaviors of TAs and induce time lag horizontal/vertical 
deformations. Also, there is a 1–2 month of time lag response between 
horizontal and vertical deformations perhaps due to the different brittle 
reaction to external pressure. 
The correlations between TDs and deformations were highly 
different to track as they are influenced by long term trends covering the 
whole observation period as well as the contributions from different 
pressure sources (supplementary T.1). Hence, we employed the cross- 
wavelet and coherence analysis (Torrence and Compo, 1998) as it is 
widely known as a highly robust approach to check the temporal cor-
relation of complicated time series observations (Liu et al., 2007). 
As shown in the cross wavelet analysis (referred to in Fig. 8), the TDs 
and vertical/horizontal deformations of all pairs (TA1 vs. Up1, Up1 vs. 
Up1, TA2,3,4 vs. Up1) are somehow correlated with a considerable time 
lag (< 80–270 days) and 10 to 30 day periodicities. On the other hand, 
the apparent strong correlations between the TD and the horizontal 
deformation velocities in TA1 vs. Up1 and TA2,3,4 vs. Up1 pairs are 
shown in the cross coherence wavelet analysis. For the effectiveness of 
Fig. 6. Fig. 6 Time series observations of (a) cumulative vertical and (b) horizontal deformations over Up1-4.  
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cross coherence wavelet analysis rather than cross wavelet analysis to 
observe a minor correlation(Jevrejeva et al. (2003). The correlation in 
the pair of TD of Up1-deformation of Up1 is not very clear (Fig. 8(a)). It 
was noted that the correlations between TDs over other TAs 2–9 and the 
deformation velocities of Up2-4 are very weak and unclear. Thus, their 
wavelet analyses were not presented herein. Based on these observa-
tions, we concluded that the deformations in Up1 and Up2 was involved 
with the underground combustion in the observed TA1 and 2,3,4. 
The height residual and vertical subsidence points were considered 
in order to infer the combustion mechanism in TAs causing the surface 
deformations (Fig. 9(a)). We treated a negative value in height residual 
between Copernicus and ALOS PRISM DEMs as the representation of 
topographic change induced by surface mining and consequent collapses 
exhumed closely to the surface. As a result, surface mining areas were 
found over all around the TAs. For further interpretations, the 
distributions of ground subsidence points gained from InSAR vertical 
deformation (threshold < -2 mm/year) were introduced. The areas of 
large DEM residuals presented in Fig. 9(a) and the population of ground 
subsidence points do not overlap due to the decorrelation issue over 
large ground deformation areas. Moreover, all subsidence points iden-
tified by InSAR PS analysis were filled along lineaments that were 
connected through TAs, as shown in Fig. 9(a). Therefore, the best pro-
posed model is that the oxygen supplying lineaments created by slow but 
steady ground subsidence could cause cracks and fissures on the surface, 
which are likely related to underground combustion areas of TAs. The 
heavy surface mining areas also supply oxygen to TAs. Therefore, the 
combustion chamber, especially in TA1 and 2,3,4, made the most 
obvious surface creeping in Up1 and Up2 centered in Jharia and 
Dhanbad regions. The artificial settlements, especially concentrated in 
Jharia areas (Fig. 9(b)), acted as an insulating cover from underneath 
Fig. 7. Fig. 7 Time series observations of TD and vertical/horizontal deformations (a) deformation velocity in Up1 vs. TD in Up1, (b) Deformation velocity in Up1 vs. 
TD in TA1, (c) deformation velocity in Up1 vs. TD in TA2,3,4, (d) deformation velocity in Up2 vs. TD in TA1, (e) deformation velocity in Up3 vs. TD in Up56789, (f) 
deformation velocity in Up4 vs. TD in TA5,6,7,8,9. The assigned monsoon season compared to the significant changes in TD together with delayed deformation 
signals was noticed. 
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burning coal fires and prevented the propagation of the fissure. Instead, 
this caused significant uplifting and horizontal creep on the Up1 and 
part of the Up2 by a certain mechanism of thermal and pressure sources. 
The deformations in Up1 are much higher due to its upward/ 
horizontal strains caused by the closely connected TA1 and 2,3,4. The 
location and other parameters responsible in underground source of 
stress in Up1 can be more readily calculated by model inversion by GBIS 
due to the clear and strong deformation patterns (refer to Fig. 10 and 
Fig. 8. Fig. 8 Cross wavelet and wavelet coherence analyses between TD and deformation. (a) TD in Up1 vs. deformations in Up1, (b) TD in TA1 vs. deformations in 
Up1 and (c) TD in TA2,3,4 vs. deformations in Up1. The shaded parts represent the outside of the influenced cone where edge effects may dominate. The black 
contours specify the 5% significant level against noises. Arrows indicate relative phase relationship; thus, it means the lag time between two independent 
observations. 
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Table 2). Since the optimal model of pressure source in Up1 is Mogi type 
(Mogi, 1958), inducing circular deformation pattern (Fuhrmann and 
Garthwaite, 2019) and other source model like Okada type (Okada, 
1985), that can induce N-S strike slip was failed, we confirm our hy-
pothesis for prevailing E-W migration on deformation sources. However, 
the oxygen supplies composed of subsidence points and surface mining 
areas also caused the ceasing of combustions on the pressurizing sources 
in monsoon season as shown in Fig. 7. This induced sudden changes in 
vertical/horizontal deformations. It is proposed that the extensive but 
weak vertical migration over Dhanbad city area possesses a different 
deformation mechanism from the deformations in Up1-4 as there is no 
TA. 
Discrepancies with precedent geodetic studies reported in Gupta 
et al. (2014) and Chatterjee et al. (2016) implying extensive and strong 
subsidence can be explained in the following ways. Two-pass InSAR 
analysis by Chatterjee et al. (2016) observed changes of the actual 
topography by mining activities, which are also presented in DEM re-
sidual analysis (Fig. 9(a)). It is not the subtle surface creeping detected in 
the PS analysis in this study. On the contrary, PS cannot be formed 
within undergoing mining areas and was mostly mapped by scatterers in 
artificial structures of residential and mining facilities. Due to the ad-
vantages of PS processing, the uplift/horizontal creeping areas were 
identified in this study but were not observed in earlier studies (Gupta 
et al., 2014; Chatterjee et al., 2016). 
The behavior of uplift areas involving combustion processes was 
difficult to explain by only a single pressure source as the uplift areas are 
crossed connected by multiple TAs as shown in Fig. 8. The LOS de-
formations in Up1 and TA1 shown in Fig. 9(b) was applied by the GBIS 
model inversion to extract parameters given in Table 2. The modeled 
pressurizing source covered a considerable area and certainly was 
insulated by settlement over Jharia. However, the sources in Up2, Up3 
and Up4 were difficult to establish model and were deduced as the 
comparable spatial extents of corresponding uplift areas based on the 
characteristics of Up1 source. Presumably, the deformation mechanisms 
of Up3 and Up4 are similar to Up1 but the combustions in TA5-TA7 are 
weaker and the insulation by human settlements are limited. Thus, 
relatively weak uplifting and horizontal creeps in Up3 and Up4 can be 
explained. The directions of horizontal creeping in Up1-4 plausibly E-W 
direction that induced from the information of decomposition and 
combustions. In future, we can follow enhanced InSAR error correction 
Fig. 9. (a) The distributions of ground subsidence points and the proposed lineaments. (b) The extent of GBIS modeling is given in box together with footprints of TAs 
and the settlements. 
J. Kim et al.                                                                                                                                                                                                                                      
International Journal of Applied Earth Observation and Geoinformation 103 (2021) 102524
11
techniques proposed by Yunjun et al. (2019) that will provide better 
strain/pressure analysis to have better understanding of surface defor-
mation in the JCM. 
6. Conclusions 
Using detailed analysis of satellite retrieved thermal anomaly and 
topographic deformation, we have discussed the possible mechanisms of 
ground deformation and thermal activities over JCM. The two major 
conclusions based on the present study are: 1) Combustion in TAs, 
especially in the eastern part of JCM, is the main driver of ongoing 
surface migration; and 2) the surface changes over JCM HTI consist of 
the chains of ground subsidence points and four major uplifting areas. 
Presumably, these surface deformations observed from the high preci-
sion PS approach were caused by interaction with thermal activities and 
the strain of topography. It should be discriminated from the rapid 
change of terrain induced by mining activity, which has been investi-
gated from the precedent geodetic campaigns. In particular, the defor-
mation in the Jharia city area can pose a great threat to weak residential 
building and mining facilities. Therefore, it is necessary to perform a 
constant monitoring to mitigate likely hazards. Based on the outcomes of 
this study, we strongly propose that the most significant concern of 
underground coal burning is the stability of artificial structures in the 
eastern part of JCM. In addition, it should be noted that cracks in resi-
dential areas due to the continuous strain can also pose a risk of toxic gas 
leakage. To better prepare for these potential hazards associated with 
the land, infrastructure and human health, high precision geodetic 
measurements can be planned accordingly. 
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